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I. INTRODUCTION
Recently, there has been heightened interest in performing
association analysis in important crop species for its signiﬁcant
potential in dissecting complex traits by utilizing diverse
mapping populations. Since population structure is a universal
feature for all crop breeding populations, accounting for ge-
netic relatedness between lines in a mapping population is es-
sential for obtaining valid p-values. The development of mixed
linear models for plant association mapping has signiﬁcantly
advanced the statistical methodology in this ﬁeld by providing
a general approach for controlling the type I error rate as
it takes into account existing population structures. Studies
in various plant species have demonstrated that association
mapping is a viable approach in detecting marker phenotype
associations when proper attention is paid to experimental de-
signs and data analysis. However, in comparison to traditional
linkage mapping, important aspects of the association mapping
methodology have not been extensively studied. The mixed
linear model is currently limited to single marker analysis. But
many complex traits of agronomical importance are regulated
by multiple quantitative trait loci (QTLs), their interactions
(epistasis), environmental factors, and gene by environment
(G×E ) interactions [1]. As a result, the lack of knowledge
on epistasis and G×E interactions has become one of the
major impediments of utilizing genomic information for crop
improvement.
In this talk, we report the development of the adaptive
mixed LASSO (least absolute shrinkage and selection opera-
tor) method that can incorporate a large number of predictors
while simultaneously accounting for the population structure.
Since its introduction [3], LASSO has attracted huge interest
as a method simultaneously performing variable selection and
estimation. LASSO can deal with situations where the number
of explanatory variables is much larger than the sample
size, which is not feasible for traditional regression methods.
LASSO and a number of related methods have been success-
fully applied to generalized linear models, survival analysis,
graphical models, latent factor models, among others. LASSO
is also related to a class of shrinkage models in the Bayesian
framework [2] and to boosting methods in machine learning.
A related method, the adaptive LASSO [5], applies different
penalty to each coefﬁcient and thus leading to the desirable
amount of shrinkage. By extending adaptive LASSO to include
random effects for structured populations, we developed the
adaptive mixed LASSO method with applications to plant
association mapping.
II. ADAPTIVE MIXED LASSO
The adaptive mixed LASSO method is a uniﬁed frame
work for incorporating a large number of predictors (genetic
markers, epistatic effects, environmental covariates, and G×E
interactions) while accounting for population structures in
plant association analysis. For illustration, consider a case
where we want to identify signiﬁcant QTL main effects and
epistatic effects in a simple association study using inbred
lines derived from accessions of a certain crop species. In
the following linear mixed effects model,
yij = xT
ijβ + ui + ²ij,j = 1,...,mi,i = 1,...,m, (1)
β = (β1,...,βp)T is the p dimensional coefﬁcient vector
for ﬁxed effects (markers and epistatic effects), ui is the
random effect of the ith inbred line, and ²ij is the independent
error term. Alternatively, we can write it in the matrix form,
y = Xβ + Zu + ². Here the matrix X is the “design”
matrix corresponding to ﬁxed effects, matrix Z represents
an incidence matrix that designates each of the n individu-
als in the sample to one of the m inbred lines. Following
usual assumptions of linear mixed models, we assume that
u and ² are Gaussian vectors with u s N(0,σ2
gK) and
² s N(0,σ2
eI), where K is the relationship matrix for the
inbred lines, I is the n×n identity matrix, and σ2
g and σ2
e are
variance components associated with inbred lines and residual
errors respectively. The difﬁculty here is that because there
could be a large number of genetic markers and epistatic
effects, we are likely to have a very large p relative to n,
which will make traditional methods ineffective (or totally
inapplicable when p > n). To solve this problem, we apply
the weighted LASSO penalty to coefﬁcients associated with
genetic markers and epistatic effects to shrink most coefﬁcients
to zero. Speciﬁcally, the estimator of parameters is obtained
by minimizing the following quantity,
Ω = (y − XTβ)TΣ−1(y − XTβ) + λn
p X
k=1
wk|βk|,10
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Fig. 1. An example of estimated QTL main effects and epistatic effects using the adaptive mixed LASSO. The left panel shows the actual effects used in
the simulation, in which the three main effects are located on the diagonal while the four epistatic effects are shown to the right of the diagonal. The right
panel shows the estimate using the adaptive mixed LASSO.
where Σ = σ2
gK + σ2
eI is the covariance matrix of y,
λn is the tuning parameter for controlling the amount of
shrinkage, wk is the weight for the kth coefﬁcient such that
each coefﬁcient will receive different amount of shrinkage. We
have proved that the adaptive mixed LASSO estimator for β
is consistent under mild conditions. Here consistency means
that as the sample size increases, the adaptive mixed LASSO
method tends to select the correct model (right markers and
epistatic effects); at the same time, the magnitude of the
estimated values of parameters will converge to the true value.
In practice, both β and variance components (σ2
g and σ2
e)
have to be estimated simultaneously and we have developed
algorithms to iteratively estimate the regression coefﬁcients
and variance components with the number of covariates in the
ﬁnal model determined by the Bayesian information criterion
(BIC).
III. NUMERICAL RESULTS
To demonstrate the property of the adaptive mixed LASSO,
we performed preliminary simulation studies using the actual
relationship matrix in a maize mapping population [4]. We
retrieved data of ﬂowering time and marker (SNP) information
on 277 maize inbred lines and carried out a simulation study
with three QTL main effects as well as four epistatic effects.
Here we use the actual relationship matrix of the maize
breeding population described above, as well as 63 SNP
markers. Three add-on main QTL effects account for 8%,
10%, and 20% of the phenotypic variation, while the four
epistatic effects account for 5%, 8%, 10% and 12% of the
phenotypic variation respectively. Two of the epistatic effects
involve one marker each with QTL main effect, while the other
two epistatic effects are from two markers with no main effect.
The adaptive mixed LASSO is then performed with 63 markers
and 1953 epistatic effects for a total of 2016 predictors. Among
2000 simulation runs, the selected model by the adaptive
mixed LASSO includes all seven actual genetic effects for
99.1% of the runs. In the other 0.9% of simulation runs, the
selected model includes six of the seven genetic effects. Of the
models including all seven effects, 52% identiﬁed the correct
model exactly (selecting no other effects), 32% have one or
two extra effects in addition to the seven correct effects, the
others have three to ﬁve extra effects. Figure 1 shows the
estimate of genetic effects in one simulation run.
IV. CONCLUSION
Our results show that the adaptive mixed LASSO method
is very promising in modeling multiple genetic effects (main
QTL effects and epistasis) as well as modeling gene by
environment interactions when a large number of markers are
available and the population structure cannot be ignored. Since
no equivalent method has been proposed in the setting of
crop association analysis, it is expected to have a signiﬁcant
impact on the study of complex traits in important crop
species. Applications to actual data sets from wheat breeding
programs has been planned with the potential of inﬂuencing
plant breeding practices.
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